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Wind  energy  has  been  considered  as  an  important  substitution  of  fossil-based  energy  for  future  society. 
However  large-scale  integration  of  wind  power  will  introduce  great  risks  to  both  power  system  planning 
and  operation  due  to  its  stochastic  nature.  By  adopting  power  system  reliability  theory,  the  risks  can  be 
quantitatively  estimated  so  that  numerous  publications  have  been  published  to  study  reliability  impacts 
caused  by  wind  power.  This  paper  thoroughly  investigates  the  features  of  existing  reliability  models  of 
wind  power,  reliability  assessment  algorithms  and  its  applications  in  wind  power  related  decision 
making  problems.  The  paper  also  reveals  significant  differences  existed  in  reliability  models  and 
algorithms  between  planning  and  operational  phase  of  power  systems,  which  are  neglected  in  existing 
review  articles. 
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1.  Introduction 

Wind  energy  has  been  widely  recognized  as  an  important 
energy  alternative  of  fossil  fuel.  Many  countries,  e.g.  US,  China, 
Germany  and  Denmark  [1],  have  set  various  ambitious  targets  so 
as  to  integrate  large  scale  wind  power  into  their  power  systems  in 
very  near  future.  However,  stochastic  power  output  has  become 
one  major  difficulty  while  planning  or  operating  a  power  system 
with  high  wind  penetration.  Existing  deterministic  methods, 
which  do  not  fully  consider  with  uncertain  factors,  are  no  longer 
capable  enough  of  evaluating  system  risks  due  to  wind  integration. 
Therefore  it  motivates  researchers  to  look  for  stochastic-based 
methods  for  risk  assessments. 

One  technical  solution  is  of  the  theory  of  power  system 
reliability,  which  was  first  proposed  by  Billiton  [2]  for  quantita¬ 
tively  estimating  impacts  caused  by  component  uncertainties,  e.g. 
unexpected  generator  outages.  Since  the  theory  is  suitable  for 
studying  stochastic  factors,  a  large  number  of  studies  have  been 
carried  out  based  on  its  framework  in  order  to  estimate  reliability 
performances  of  one  power  system  with  high  wind  penetration 
level.  Literatures  concerning  this  topic  shall  be  carefully  organized 
and  reviewed  for  a  better  understanding  on  the  development  as 
well  as  the  applications  of  the  reliability  theory  on  technical  issues 
raised  by  stochastic  wind  power  integration. 

Many  review  works  have  been  presented  by  several  previous 
studies.  Ref.  [3]  surveyed  literatures  from  four  different  technical 
aspects,  i.e.  modeling  of  wind  farms,  methods  of  wind  speed 
parameters  assessment,  reliability  assessment  algorithms  as  well 
as  relevant  factors  affecting  the  reliability  of  wind  power  system 
(e.g.  wake  effect).  Ref.  [4]  aimed  at  categorizing  the  reliability  models 
of  various  kinds  of  renewable  energy  e.g.  wind,  solar  as  well  as  hydro 
power  proposed  from  the  published  literatures.  Similar  review  and 
survey  works  are  also  published  in  [5-7],  Literature  [8]  is  focused  on 
emphasizing  the  importance  of  reliability  theory  in  long-term  power 
system  planning  with  large-scale  integration  of  wind  energy.  Ref.  [9] 
listed  a  series  of  uncertainties  that  would  affect  the  integration  of 
wind  energy,  such  as  energy  storage  capacity,  market  pricing  and 
transmission  ability  and  so  on.  However  the  paper  did  not  present  a 
thorough  review  to  the  approaches  of  estimating  the  risks  of  these 
uncertainties.  A  categoiy  of  long-term  wind  power  reliability  models, 
which  are  the  auto  aggressive  moving  average  (ARMA)  models,  were 
reviewed  in  [10],  Although  these  studies  have  provided  excellent 
works,  they  are  still  insufficient  for  summarizing  the  state-of-art  of 
reliability  theory  completely,  which  can  be  demonstrated  from  the 
following  two  aspects: 

(1)  Regarding  power  system  planning  phase.  Most  of  previous 
review  works  only  listed  the  basic  ideas  of  available  literatures 
in  a  much  simple  manner.  However  the  features  of  models  or 
algorithms  are  not  clearly  explained  or  further  compared.  That 
might  result  in  difficulties  for  readers  to  find  a  best  or  most 
suitable  model  and  algorithm  for  a  specific  problem.  Mean¬ 
while,  some  state-of-art  works,  involving  reliability  models 
and  assessment  algorithms  proposed  recently,  are  also  not 
included  in  the  existing  reviews. 


(2)  Regarding  power  system  operational  phase.  Previous  review 
works  are  mostly  concentrated  on  the  studies  about  power 
system  planning.  In  contrast,  literatures  concerning  reliability- 
based  system  operation  with  wind  power  were  not  paid  enough 
attentions.  However,  since  stochastic  wind  integration  has 
introduced  significant  risks  within  system  operation,  the  con¬ 
cept  of  reliability  is  becoming  more-widely  accepted  and  recog¬ 
nized  by  system  operators.  In  addition  to  that,  the  models  as 
well  as  algorithms  applied  in  operational  phase  are  quite 
different  from  those  in  planning  phase.  Therefore  these  works 
shall  be  distinguishingly  picked  up  and  then  carefully  reviewed. 

Under  that  background,  this  work  is  motivated  by  the  purpose 
of  compensating  previous  studies.  We  aim  at  presenting  a  more 
systematic  literature  review  from  the  aspect  of  power  system 
reliability  concerning  wind  power.  First,  reliability  models  of  wind 
power  in  planning  and  operation  phase  will  be  carefully  investi¬ 
gated  hence  their  characteristics  can  be  revealed.  Second,  the 
reliability  assessment  algorithms  in  planning  and  operation  phase 
will  be  reviewed.  We  focus  on  the  algorithms  which  are  being  or 
potentially  capable  of  being  adopted  to  deal  with  the  uncertainties 
of  wind.  And  third,  we  review  various  kinds  of  reliability-based 
power  system  decision  making  problems  when  wind  power  is 
integrated.  By  doing  so,  the  importance  of  reliability  in  modern 
power  system  can  be  demonstrated. 

This  paper  is  organized  as  followings:  In  Section  2  a  brief 
introduction  to  power  system  reliability  theory  is  provided  in  order 
to  explain  the  basic  concepts  and  theory  architecture.  Reliability-based 
power  system  planning  with  wind  power  integration  is  discussed  in 
Section  3,  which  includes  various  applications,  planning-phase  relia¬ 
bility  models  of  wind  power  as  well  as  corresponding  reliability 
algorithms.  Section  4  investigates  the  reliability  applications  as  well 
as  corresponding  models  and  algorithms  under  operational  phase. 
At  last  Section  5  concludes  the  paper. 


2.  An  introduction  of  power  system  reliability  theory 

The  most  fundamental  function  of  modern  power  systems  is  to 
fully  satisfy  the  load  demand  under  every  possible  circumstance. 


Fig.  2.1.  Typical  uncertainties  in  power  system. 
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However  the  function  is  always  being  challenged  due  to  various 
inevitable  and  unpredictable  stochastic  factors.  Typical  types  of 
uncertainties  are  as  shown  in  Fig.  2.1  [11],  Due  to  the  reason,  a 
theory  which  is  capable  of  quantitatively  estimating  the  risks  is 
required.  Therefore  the  system  reliability  theory  is  proposed  and 
well-developed  in  the  recent  few  decades,  which  can  be  applied 
for  evaluating  the  impacts  caused  by  stochastic  factors. 

The  power  system  reliability  theory  focuses  on  estimating  how 
power  supplies  are  interrupted  by  uncertainties.  The  results  can  be 
reflected  via  the  following  reliability  indices  [12]: 

(i)  Expected  energy  not  supplied  (EENS):  describing  the  annually 
energy  which  is  not  supplied  to  loads.  This  index  is  a 
representative  of  economic  issues. 

(ii)  Loss  of  load  probability  (LOLP):  describing  the  probability  of 
load  shedding.  This  index  can  be  also  described  as  the  total 
hours  of  loss  of  load  annually. 

(iii)  Loss  of  load  frequency  (LOLF):  describing  of  the  annually 
occurrence  of  load  shedding  events. 

(iv)  Loss  of  load  duration  (LOLD):  describing  the  expected  dura¬ 
tion  of  each  occurrence  of  load  shedding.  Longer  LOLDs  lead 
to  more  significant  damage  to  electric  customers. 

The  procedure  of  estimating  the  above  indices  is  called  relia¬ 
bility  assessment,  the  first  step  of  which  is  modeling  stochastic 
elements.  Element  uncertainties  can  be  either  non-chronologically 
modeled  or  chronologically  simulated.  The  second  step  of  relia¬ 
bility  assessment  is  selecting  a  proper  algorithm.  Due  to  various 
requirements  imposed  on  reliability  assessments  such  as  accuracy 
or  efficiency,  various  assessment  methods  are  therefore  proposed. 
These  algorithms  can  be  generally  sorted  into  two  categories  as 
analytical  algorithms  and  simulation  methods. 

The  reliability  theory  has  been  highly  recognized  by  power  system 
industry  for  planning  decision-making  for  long-term  study,  such  as 
generation  and  transmission  expansions,  or  reliability-centered  main¬ 
tenance  scheduling  [13].  However,  regarding  operational  phase  in 
short-term,  the  concept  of  reliability  was  not  widely  accepted  due  to  a 
fact,  that  uncertainty  of  specific  components  (such  as  the  outages  of 
generators  and  transmission  lines)  in  short-term  are  much  smaller  in 
operational  phase  of  short-term  than  planning  phase  of  long-term. 
That  is,  carrying  out  reliability  analysis  is  unlikely  to  be  necessary.  The 
reason  explains  why  reliability  factors  under  operational  phase  are  not 
considered  by  previous  studies  and  industrial  applications. 

However,  with  the  increasing  risks  introduced  by  stochastic 
renewable  energy  integration,  reliability  theory  is  playing  a  more 
significant  role  under  operational  phase  in  recent  years.  Therefore 
a  lot  of  studies  have  been  carried  out  concerning  the  operational 
reliability  with  renewable  energy  integration.  A  systematic  review 
to  such  works,  which  is  highlighted  in  Section  4,  is  hence 
becoming  a  major  contribution  of  this  paper. 


3.  Power  system  planning:  Based  on  reliability  assessment 
with  wind  power  integration 

In  planning  phases,  reliability  evaluation  is  always  one  major 
tool  for  power  system  decision  makers.  In  order  to  carry  out 
reliability  assessments  with  wind  power  integration,  the  models 
and  algorithms  shall  be  studied  first.  There  are  three  widely- 
accepted  reliability  models  for  wind  power  proposed  in  the  past 
few  decades.  The  features  of  these  models  are  investigated  in 
Section  3.  Regarding  reliability  assessment  algorithms,  only  those 
“related  to ”  the  issue  of  wind  power  integration  are  selected  and 
then  reviewed  by  this  paper.  The  term  of  “Related  to"  is  defined 
that  the  reviewed  algorithms  shall  satisfy  at  least  one  of  the 


following  conditions: 

(1)  Algorithms  which  has  been  put  into  practice  for  assessing 
power  system  reliability  considering  wind  power  integration. 

(2)  Algorithms  which  has  been  considered  as  applicable  for 
assessing  power  system  reliability  performances  considering 
wind  power  integration. 

(3)  Algorithms  which  are  considered  to  be  capable  of  addressing 
reliability-related  issues  due  to  wind  power  integration  by 
their  authors. 

If  one  algorithm  satisfies  one  of  the  conditions,  it  is  involved 
and  reviewed  in  Section  3.2  of  the  paper.  For  other  methods  which 
have  not  been  related  to  wind  power  study,  this  paper  also  gives  a 
brief  but  comprehensive  summarization. 

In  Section  3.3,  major  applications  of  reliability  theory  for  power 
system  planning  are  introduced.  Finally  a  brief  summary  to  the 
models,  algorithms  as  well  as  applications  is  presented  at  the  end 
of  this  section. 

3.3.  The  reliability  models  of  wind  power  in  the  phase  of  power 
system  planning 

The  models  under  the  planning-phase  mainly  deal  with  two 
stochastic  factors,  wind  fluctuation  and  unexpected  WTG  outages. 
Three  models  are  investigated  in  this  section. 

3.3.3.  Multi-state  capacity  outage  probability  (COPT)  model 

The  multi-state  COPT  model  is  the  most  fundamental  model 
which  has  been  widely  adopted  during  power  system  planning.  It 
is  proposed  by  Giorsetto  [14]  from  the  foundation  of  conventional 
units  models.  The  main  idea  of  this  model  is  described  as  follows. 

A  reliability  model  of  WTG  can  be  represented  by  a  table  called 
capacity  outage  probability  table  (COPT)  according  to  the  available 
generation  capacity  and  corresponding  cumulative  probability. 
The  elements  in  a  COPT  can  be  expressed  as  Eq  (3.1)  [14]: 

(Ci,F(Ci))  =  (Ci,prob(P(v,X)<Ci)  ie  1,2... .JV  (3.1) 

where  C,  is  the  average  capacity  in  ith  interval,  N  is  the  number  of 
states.  The  probability  feature  for  one  individual  WTG  can  be 
decided  by  the  parameters  of  wind  speed  v  and  forced  outage 
rate  X.  Then  wind  farm  model  is  derived  through  combining  all 
wind  turbines  in  together.  By  ignoring  outage  rates  X,  Eq.  (3.1)  can 
be  transformed  into  a  simple  Weibull  distribution  or  Gaussian 
distribution. 

The  number  of  COPT  states  is  also  critical  for  reliability  assess¬ 
ment.  It  is  because  more  states  usually  means  a  better  modeling 
accuracy  as  well  as  a  higher  computation  overhead.  In  2008,  the 
study  presented  in  [15]  demonstrates  that  a  5-state  COPT  model  is 
able  to  achieve  a  trade-off  between  accuracy  and  computation 
overhead.  Therefore,  a  5-state  COPT  model  is  considered  as  a 
default  option  for  most  of  reliability  assessment  cases. 

The  EENS  and  LOLP  indices  can  be  easily  computed  with  the 
model,  however  some  other  critical  indices  are  not  able  to  be 
obtained  since  the  F&D  (frequency  and  duration)  indices  of  wind 
power  variation  are  not  modeled  in  the  COPT  model.  For  example 
the  loss  of  load  index  of  a  system,  which  is  strongly  related  to 
the  durations  and  frequencies  of  load  shedding  events,  cannot  be 
accurately  evaluated. 

3.3.2.  Multi-state  Markov  model 

In  order  to  improve  the  evaluation  accuracy,  a  multi-state  Markov 
model  is  proposed  in  1996  [16],  The  chronological  wind  power 
fluctuation  are  modeled  by  state  transitions  of  a  Markov  model. 
By  this  model,  not  only  the  state  probabilities  but  also  the  frequency 
and  duration  indices  are  able  to  be  calculated  and  evaluated  by 
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Fig.  3.1.  State  transition  diagram  of  a  WTG. 


Markov-process  methods.  Therefore  this  model  is  more  creditable 
and  reliable  for  a  power  system  reliability  assessment. 

Fig.  3.2  presents  an  example  of  the  Markov  model,  which 
demonstrates  a  Markov  state  transition  diagram  of  the  output  of 
a  WTG.  In  Fig.  3.1,  there  are  two  possible  states  of  a  WTG  and 
4  possible  states  of  wind  speed.  Each  state  is  represented  as  a 
block  while  state  transitions  are  as  arrows. 

The  transition  rates  can  be  conveniently  obtained  through 
analyzing  statistical  data.  By  adopting  the  steady-state  Markov 
process  algorithm  introduced  in  [16],  the  probability  can  also  be 
easily  calculated.  Additionally,  the  frequency  of  occurrence  as  well 
as  the  duration  of  a  state  can  be  easily  calculated  with  Eq.  (3.2)  [16], 

F;  —  Pi  ^  4 ,  Dj  =  pi/Fi  =  1/  /-ij  (3.2) 

i=lj*i  j  =  i 

In  order  to  illustrate  Eq.  (3.2),  let  us  take  State  7  in  Fig.  3.1  as  an 
example.  The  frequency  of  occurrence  of  State  7  is  F1  =  p1(X 76  + 
■I73-M78)  and  the  expected  duration  can  be  calculated  as 
D7  =  1/(46+43 +4s)-  Since  the  F&D  indices  can  be  obtained, 
the  Markov  model  is  capable  of  compensating  the  COPT  model. 

Since  chorological  wind  fluctuation  is  involved  and  described  by 
the  Markov  model,  it  is  considered  as  a  more  accurate  model 


considering  with  more  details  than  the  COPT  model.  In  addition, 
many  other  relevant  factors  such  as  wind  spatial  correlation,  wake- 
effect  [16]  can  also  be  conveniently  considered  and  described  by 
expanding  the  dimensions  of  state  transition  matrix  of  the  Markov 
model.  As  an  example,  study  [17]  has  adopted  this  model  for  the 
reliability  assessment  of  a  Brazilian  wind  site.  Literature  [18]  built  a 
Markov  model  to  jointly  consider  the  correlation  between  load 
profile  and  wind  power  profile.  The  assessment  result  demonstrates 
the  improvement  of  the  Markov  model. 

However,  the  drawback  of  model  is  on  the  computation  over¬ 
head  during  reliability  evaluation  [16,17,19,20],  In  a  wind  farm 
with  N  WTGs  and  n  states  of  wind  speed,  the  total  number  of 
states  is  2„ .  That  is,  the  model  is  not  suitable  to  be  applied  to  large 
scale  system  due  to  computing  memory  issues.  In  order  to 
improve  the  model,  [21]  proposed  a  state  reducing  scheme  in 
order  to  reduce  the  state  number  by  merging  the  states  with  the 
same  outputs. 


3.3.3.  Simulation  model:  ARMA  model 

In  addition  to  Markov  Model,  there  is  another  useful  tool,  Auto 
Regressive  Moving  Average  (ARMA)  model,  is  applicable  for  a 
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reliability  modeling  for  chorological  wind  power  fluctuation, 
which  is  first  developed  by  [22], 

By  ARMA  model,  the  wind  speed  model  can  be  defined  in  terms 
of  the  following  variables  [22]: 

fjt  observed  wind  speed  mean  value  at  time  t; 

(7f  observed  wind  speed  standard  deviation  at  time  t; 

OWt  observed  wind  speed  at  time  f; 

SWt  simulated  wind  speed  at  time  t. 

and  let yt  =  (OWt—pt)/at.  Then  wind  speed  series  can  be  built 
by: 

yc  —  ^lXr-l  +  02yC-2  +  '"^nyt-n  +at  — - @mat-m  (3.3) 

where  0  and  6  represent  the  ARMA  parameters:  a  is  normal  white 
noise  series  with  zero  mean  value.  These  parameters  can  be 
determined  by  various  methods.  Numerical  results  in  [22]  have 
demonstrated  that  the  difference  between  actual  observed  and 
simulated  wind  speed  is  quite  small.  Therefore  the  system  relia¬ 
bility  can  be  credibly  evaluated  chronologically  according  to  the 
measurement  of  wind  power  or  speed  series. 

Since  the  reliability  assessment  algorithms  corresponding  to 
Markov  and  ARMA  model  are  distinguished  with  each  other,  the 
ARMA  model  is  more  suitable  for  the  reliability  assessment  of 
large  power  systems  than  the  Markov  model.  The  drawbacks  for 
ARMA  model  involve:  (i)  heavy  computation  overhead;  (ii)  relying 
on  large  amount  of  data  for  training  ARMA  parameters  [23], 

3.2.  The  algorithms  of  reliability  assessment  in  the  planning  phase 
of  power  systems 

The  second  step  of  reliability  assessment  is  to  select  an 
appropriate  assessment  algorithm,  which  determines  evaluation 
accuracy  and  computation  efficiency.  Many  algorithms  have  been 
proposed  in  the  last  few  decades  and  it  is  hence  not  possible  to 
review  all  of  them  within  one  single  paper.  Therefore,  we  only  take 
those  algorithms  into  the  scope  of  this  paper,  which  are  related  to 
reliability  assessment  of  wind  power  systems  and  satisfy  at  least 
one  of  the  three  conditions  listed  at  the  beginning  of  Section  3. 
These  reliability  assessment  algorithms,  which  can  be  generally 
categorized  as  analytical  and  simulation  methods,  are  comprehen¬ 
sively  reviewed  in  following  two  sub-sections. 

3.2.1.  Analytical  algorithm 

There  have  been  two  main  analytical  methods  for  the  reliability 
assessment  with  wind  power  integration.  Both  of  them  only  allow 
that  COPT  or  Markov  model  is  used  for  wind  power  modeling. 

The  first  and  the  most  basic  algorithm  is  the  enumeration 
method  [12,24-27],  which  enumerates  all  combinations  of  possi¬ 
ble  states  for  the  entire  system.  The  algorithm  is  capable  of 
providing  an  accurate  and  direct  way  for  reliability  assessments. 
Although  the  algorithm  has  been  widely  used,  it  is  obviously  not 
suitable  for  a  large-scale  power  system  due  to  extremely  heavy 
computation  overhead  caused  by  computing  memory  limits. 
When  other  relevant  factors,  e.g.  wind  speed  correlation,  exist  in 
systems,  condition  probability  algorithm  as  well  as  combinatorial 
algorithms  must  be  introduced  [14],  which  magnifies  the  compu¬ 
tation  burden. 

The  second  analytical  algorithm,  i.e.  the  Universal  Generating 
Function  (UGF)  method,  is  published  in  some  literatures  related  to 
wind  power  [19,28,29],  The  UGF  method  presented  a  clear  and 
compact  mathematical  expression  to  the  enumeration  method. 
The  main  procedure  for  UGF  are  as  follows  [30], 

For  a  set  of  discrete  multi-state  variables: 

X={Xr,X2,...,XM},  Xi  =  {XnXi2,...,Xin.}  (3.4) 


The  UGF  expression  of  them  is: 

ux,(z)  =  Jz'p,jZx'J  (3.5) 

j=  1 

where  py  is  the  probability  of  Xy,  z  indicates  z-transform  is 
introduced. 

Then  let  F(X)  denotes  the  “system  performance  function” 
indicating  the  consequence  of  X.  Then  the  UGF  expression  of  the 
system  is  written  as: 

Ux(z)=  ®  {UXi(z),UX2(z),...,UXm(z)}=  Z  t  -  t  PxZF(X\ 

j\  =  1  h  =  1  Jm  =  1 

P(X)  =  prob{XVl,X2j2,...,XMjM  I  (3.6) 

Expected  value  of  system  is  collected  with  the  value  of  Ux(1), 
i.e.  multiply  the  probability  of  each  state  with  the  corresponding 
evaluation  result. 

Generally,  UGF  is  good  at  mathematically  expressing  enumera¬ 
tion  method  in  a  compact  way  [30],  For  a  specific  problem,  it  still 
requires  to  follow  the  same  procedure  of  enumeration  method. 
Therefore,  it  still  requires  extremely  high  computation  expense, 
which  is  not  suitable  for  large-scale  system.  Interested  readers  are 
able  to  refer  to  the  study  of  [30]  which  offers  more  detailed 
description  and  case  studies. 

3.2.2.  Simulation  algorithm 

Comparing  with  enumeration  methods,  the  simulation  algorithms 
are  more  applicable  for  large-scale  systems.  These  algorithms  can  be 
categorized  into  non-sequential  and  sequential  simulations.  Non¬ 
sequential  simulation  are  concentrated  on  improving  computation 
efficiency,  and  sequential  simulations  are  concentrated  on  improving 
computation  accuracy.  These  two  types  of  algorithms  are  reviewed  in 
the  following  sections. 

3.2.2.I.  Non-sequential  Monte  Carlo  simulation 

3.2.2.11.  Crude  Monte  Carlo  simulation.  The  crude  MCS  is 
known  as  the  state  sampling  method,  which  is  also  a  fundamental 
simulation  algorithm  for  large-scale  systems.  The  reliability 
indices,  such  as  LOLP  and  EENS,  are  iteratively  computed  through 
stochastically  sampling  the  states  of  the  power  system  until  the 
targeted  indices  are  converged  within  an  acceptable  variance 
coefficient  [12],  Therefore,  the  crude  MCS  method  significantly 
reduces  computation  overhead  by  saving  the  enumeration  of  all 
possible  states  of  a  power  system.  By  modeling  wind  power  as 
COPT  and  Markov  models,  the  method  can  be  easily  utilized  for 
reliability  assessments  with  wind  power  integration  [4], 

The  drawback  is  that  the  crude  MCS  is  not  suitable  for  a  system 
with  high  reliability  performance.  It  is  because  the  algorithm  get  less 
chance  to  find  a  failure  state  for  a  high  reliability  system  so  that  the 
algorithms  have  to  spend  more  computation  expense  for  a  converged 
result.  Unfortunately  whenever  the  computation  time  is  as  a  limita¬ 
tion,  the  assessment  result  can  accordingly  become  inaccurate. 

3.2.2.I.2.  Intelligent  search  based  Monte  Carlo  simulation.  In 
order  to  improve  the  sampling  efficiency  of  crude  MCS,  intelligent 
search  method  was  first  introduced  by  the  study  [31]  in  2002.  The 
authors  used  the  genetic  algorithm  (GA)  as  a  search  tool  to 
truncate  probability  state  space  for  tracking  fittest  samples.  There¬ 
fore  failure  states,  especially  for  a  high  reliability  system,  can  be 
sampled  efficiently.  The  flowchart  of  the  algorithm  is  as  shown  in 
Fig.  3.2. 

In  Fig.  3.2,  it  can  be  observed  that  the  sampling  efficiency  is 
improved  via  three  approaches:  (1)  avoiding  repeat  sampling 
(2)  tracking  the  most  probable  events  (3)  tracking  the  failure 
states.  That  is,  the  algorithm  is  able  to  find  the  most  probable 
failure  states  so  that  a  converged  result  can  be  obtained  within  a 
shorter  duration. 
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Ref.  [31]  indicates  that  the  algorithm  is  powerful  that  the 
computing  overhead  can  be  saved  as  high  as  40%  off  comparing 
with  that  of  crude  MCS,  and  the  relative  error  is  less  than  0.5%.  In 
addition,  the  computation  expense  does  vary  along  with  reliability 
performances  of  power  systems. 

By  adopting  the  intelligent  search  methods  and  the  multi-state 
models,  reliability  of  a  wind  power  integrated  system  can  be 
evaluated  efficiently  [32].  The  coordination  of  the  intelligent 
algorithms  with  MCS  has  been  an  attractive  research  topic  for 
worldwide  scholars.  Further  studies  has  demonstrated  that  var¬ 
ious  kinds  of  population  based  intelligent  search  methods  (Ant 
Colony,  Binaiy  Particle  Swarm,  Genetic  and  Artificial  Immune 
System)  can  be  successfully  applied  to  systems  with  wind  power 
integration.  It  is  shown  in  [33]  that  evolutionary  particle  swarm 
algorithm  is  even  more  efficient. 

By  studying  the  mechanism  of  the  method,  one  can  figure  out 
that  the  method  spends  additional  computation  efforts  on  record¬ 
ing/searching  for  success  states  as  well  as  evaluated  states  during 
the  reliability  assessment  process.  It  can  be  inferred  that  the 
recording/searching  effort,  which  is  likely  to  be  significant  in  large 
scale  systems,  is  the  shortcoming  of  the  intelligent  search  method. 

3.2.2.13.  Cross-entropy  based  Monte  Carlo  simulation.  The  cross¬ 
entropy  based  MCS  algorithm  (CE-MCS)  was  proposed  in  [34],  The 
purpose  of  the  CE-MCS  method,  which  is  to  improve  the  efficiency 
of  the  crude  MCS,  is  the  same  as  the  purposes  of  intelligent 
methods. 

The  main  idea  of  the  algorithm  is  to  make  rare  events  happen¬ 
ing  more  frequently  [34],  i.e.  generating  more  load  shedding  states 
with  limited  samples.  The  idea  is  realized  by  altering  the  outage 
probability  of  components,  and  then  devoting  the  evaluation 
results  obtained  with  distorted  component  parameters  to  their 
original  values  based  on  the  theory  of  cross-entropy. 

The  reliability  performance  of  Brazilian  South-Southeastern 
generating  system  was  used  to  demonstrate  the  effectiveness  of 
the  CE-MCS  method  in  [34],  in  which  one  can  observe  tremendous 
efficiency  improvement.  Regarding  wind  power  integrated  sys¬ 
tems,  the  method  is  considered  as  capable  of  dealing  with  wind 
power  by  its  authors.  So  far  the  method  has  not  been  tested  on  any 
wind  power  related  research. 

Since  the  CE-MCS  does  not  require  additional  computation 
efforts  on  recording/searching,  it  is  more  suitable  to  be  applied  to 
large-scale  high-reliability  systems  than  the  crude  MCS  and  the 
intelligent  search  methods.  However,  the  accuracy  of  CE-MCS  is 


dependent  on  the  distorted  outage  probabilities  of  system  com¬ 
ponents.  That  is,  the  calculation  results  obtained  by  the  CE-MCS 
method  may  be  inaccurate  under  some  circumstances. 

Interested  readers  are  referred  to  [35]  for  proves  or  tutorials. 

3.2.22.  Sequential  Monte  Carlo  methods.  As  similar  as  the 
difference  between  non-chorological  and  chorological  wind  models, 
sequential  MCS  methods  are  able  to  evaluate  more  insight  reliability 
indices  for  a  power  system,  such  as  frequency  and  duration  indices  of 
LOLF  and  LOLD.  There  are  mainly  two  methods  applicable  for  wind 
power  system  study:  (i)  original  sequential  Monte  Carlo  simula¬ 
tion  algorithm  and  (ii)  sequential  crossing-entropy  Monte  Carlo 
simulation  algorithm. 

3.2.22.1.  Original  sequential  Monte  Carlo  simulation  algorithm. 
The  original  time  sequential  Monte  Carlo  simulation  (TMCS) 
method  was  first  proposed  in  [36]  in  1996.  The  method  generates 
chronological  system  statuses  to  obtain  state  residence  series  for 
each  component  in  a  system.  Then  the  series  of  all  the  components 
are  combined  together  as  the  system  status  series. 

An  example  of  the  state  residence  time  series  is  presented  in 
Fig.  3.3.  Considering  a  system  consists  of  two  generators  (Unit  No.l 
and  No.2),  the  state  residence  time  series  of  which  are  shown  in 
Fig.  3.3(a)-(b).  Usually  the  state  residence  series  for  a  component 
consists  only  two  states,  i.e.  Available  and  Outage.  Fig.  3.3 
(c)  demonstrates  the  series  of  the  system,  which  is  generated 
through  combining  the  series  of  its  components. 

In  contrast  to  the  non-sequential  algorithm,  the  ARMA  model  is 
enabled  by  the  TMCS  algorithm  so  that  reliability  assessment 
accuracy  can  be  significantly  improved.  In  some  literatures,  the 
results  obtained  by  both  applying  ARMA  model  and  TMCS  is  as  the 
benchmark  to  examine  simulation  accuracy  of  other  models  or 
algorithms  [15,23],  Additionally,  the  TMCS  algorithm  has  good 
capabilities  to  cope  with  other  time-dependent  components 
besides  wind  power. 

Since  computation  overhead  is  extremely  high  for  TMCS,  there 
have  been  several  improved  ones  based  on  TMCS  proposed  by 
literatures  [37-40],  One  of  those  is  cross-entropy  based  quasi- 
sequential  Monte  Carlo  algorithm,  which  has  been  believed  as 
effective  and  applicable  for  wind  power  system,  as  reviewed  in 
the  next. 

3.2.222.  Cross-entropy  based  quasi-sequential  Monte  Carlo  algo¬ 
rithm.  Similar  to  the  idea  of  CE-MCS,  the  efficiency  of  sequential 
Monte  Carlo  simulation  can  be  improved  by  distorting  the 
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Fig.  3.3.  An  example  to  State  Residence  Series  A  comparison  between  distorted  and  original  State  Residence  Series. 
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reliability  parameters  of  system  components.  The  CE-TMCS  [38] 
aims  at  generating  distorted  state  residence  series  in  order  to 
accelerate  evaluations. 

The  main  procedures  of  cross-entropy  based  quasi-sequential 
MCS  algorithm  (CE-TMCS)  consists  of  two  parts,  which  are 
(i)  obtain  the  optimal  distorted  outage  rates  of  components  based 
on  the  concept  of  cross-entropy  and  (ii)  evaluate  the  reliability  of 
the  system  chronically. 

The  first  part  of  the  method  is  very  similar  to  the  one  which  has 
been  explained  previously.  In  this  method,  the  altered  parameters 
are  the  outage  rates  of  components  rather  than  outage  probabil¬ 
ities.  The  generated  state  residence  series  of  each  component  has 
two  features:  (i)  longer  “outage”  time  (ii)  shorter  “available”  time, 
which  is  illustrated  by  Fig.  3.4. 

The  second  part  of  the  CE-TMCS  shares  the  same  idea  as 
CE-MCS,  which  is  to  devote  the  reliability  evaluation  results 
obtained  with  distorted  state  residence  series  to  their  original 
values.  Note  that,  the  devotion  functions  of  different  reliability 
indices  are  distinguished  from  each  other. 

Numerical  results  presented  in  [38]  have  demonstrated  tre¬ 
mendous  efficiency  improvements  owe  to  the  algorithm.  Though 
this  method  has  not  been  modified  for  reliability  assessments  of 
wind  power  integrated  system,  it  is  believed  by  the  authors  of 
CE-TMCS  that  the  algorithm  is  capable  to  dealing  with  wind 
power  as  long  as  one  specific  wind  power  series  is  given.  That  is, 
applying  the  CE-TMCS  along  with  ARMA  wind  power  series  can 
reduce  the  computation  overhead  of  TMCS  while  reserving  wind 
fluctuation  information  in  maximum.  Therefore  the  CE-TMCS 
algorithm  is  worth  of  further  studies,  especially  for  an  actual  wind 
power  system. 


3.2.3.  Other  algorithms 

Since  this  paper  focuses  on  the  topic  of  wind  integration,  there 
are  still  many  reliability  assessment  algorithms  which  are  not 
included  in  the  previous  sessions  since  the  authors  did  not  give 
any  discussion  on  algorithm  capabilities  once  if  wind  power  is 
integrated.  However  it  does  not  necessarily  mean  that  these 
algorithms  are  technically  not  able  to  deal  with  such  cases.  Some 


< - Simulated  time - > 


Distorted 

Series 


Original 

Series 

< - Equivalent  Simulated  Time - > 

Fig.  3.4.  A  comparison  between  distorted  and  original  State  Residence  Series. 


Table  3.1 

Elements  considered  in  wind  power  capacity  expansion. 


Elements 

Reference 

Objective  function 

EENS  penalty 

Wind  turbine  installation  cost 
Maintenance  and  operating  cost 
Wind  generation  profit 

Pollutant  emissions 

[44-48] 

[44-50] 

[44,45,47-49] 

[50] 

[44,45] 

Constraints 

LOLP  criteria 

[44,50] 

non-sequential  algorithms  such  as  latin  hypercube  [41],  state 
space  pruning  technique  [42],  as  well  as  some  sequential  methods 
such  as  The  pseudo-chronological  Monte  Carlo  simulation  [37]  and 
the  quasi-sequential  Monte  Carlo  simulation  [38]  can  also  be  used 
to  quantify  the  reliability  impacts  caused  by  wind  power. 

3.3.  The  applications  of  reliability  in  the  planning  phase  of  power 
system 

3.3.1.  Generation  expansion  planning 

Generation  expansion  planning  (GEP)  is  a  critical  optimization 
problem  for  power  system  planning.  The  goals  of  GEP  optimization 
are  the  determinations  of  generation  types,  capacities  and  loca¬ 
tions  in  order  to  meet  the  constantly  increasing  electric  load  while 
minimizing  the  total  cost  (investment  and  operation  cost)  within  a 
range  of  years  [43].  Since  reliability  performances  affect  system 
operation  costs  significantly,  reliability  consideration  must  be  a 
necessaiy  constrain  of  GEP  optimization. 

Wind  capacity  determination  is  the  most  important  problem 
for  the  study  of  GEP  of  wind  power  systems.  The  optimization 
framework  of  the  wind  capacity  determination  are  as  shown  in 
Table  3.1. 

Based  on  the  wind  capacity  determination  problems,  the 
allocation  problems  and  type  selection  problems  are  further 
developed. 

The  wind  farm  allocation  problems  decides  where  the  wind 
farms  shall  be  built  according  to  the  geographically  diverse  wind 
speed  profiles  [49,51-53],  Geographical  smoothing  affections 
result  in  various  investment  costs  as  well  as  different  reliability 
performances  of  wind  power  systems.  By  adding  them  as  optimi¬ 
zation  variables,  it  is  able  to  use  the  optimization  framework  of 
wind  capacity  determination  to  solve  the  problem  of  allocation 
selection. 

The  wind  turbine  type  selection  problem,  which  is  also  impor¬ 
tant  in  GEPs,  decides  which  type  of  wind  turbine  should  be 
installed  at  a  specific  wind  farm.  The  performance  of  a  wind  farm 
is  dependent  on  the  types  of  wind  turbines,  among  which  a  series 
of  parameters  are  different  such  as  hub  height,  cut-in,  rated  and 
cut-out  speed.  The  differences  lead  to  different  capital  costs  as 
well  as  reliabilities,  and  then  affect  the  overall  performances  of 
generation  expansion  plans.  Therefore  some  literatures  such  as 
[49,51  ]  recommended  that  the  selection  of  wind  turbines  should 
be  included  in  the  wind  power  GEPs  base  on  the  wind  profile  of 
wind  farms. 


3.3.2.  Transmission  expansion  planning 

The  increase  of  electric  loads  not  only  requires  generation 
expansions  but  also  network  expansions  in  order  to  guarantee 
adequate  transmission  capacities.  The  transmission  expansion 
problem  (TEP)  aims  at  figuring  out  the  optimal  paths  and  voltage 
levels  (deciding  capacity)  during  network  expansion  decision 
makings  [54],  With  wind  power  integration,  transmission  expan¬ 
sions  are  required  in  order  to  maintain  system  reliability  as  well  as 
digest  more  wind  power.  The  formulations  of  TEP  optimization  are 
quite  as  similar  as  those  of  GEPs. 

For  a  wind  power  system,  several  studies  are  concentrated  on 
how  the  reliabilities  are  changed  due  to  the  role  changing  of 
transmission  system  investments. 

From  the  aspect  of  security  and  reliability,  [11]  carried  out  a 
conceptual  study  discussing  the  framework  of  TEPs  with  wind 
power  integration,  suggesting  that  both  the  deterministic  N- 1 
criteria  and  adequacy  analysis  are  required  in  the  TEPs  in  order  to 
carry  out  a  thorough  reliability  analysis.  That  is,  a  thorough  TEP 
study  should  include  two  part  of  content:  (i)  inspecting  dynamic 
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security  performances  using  N-  1  criteria  and  (ii)  examining 
transmission  adequacy  using  reliability  theory. 

Transmission  expansion  plans  can  be  proposed  by  different 
market  participators  in  modern  deregulated  power  markets.  Since 
the  viewpoints  of  these  market  participators  are  distinguished,  the 
performances  of  the  transmission  plans  proposed  by  these  parti¬ 
cipators  are  also  distinguished  from  each  other.  Literature  [55] 
pointed  out  that  under  limited  investments,  the  transmission 
expansion  plans  proposed  by  wind  farm  owners  trend  to  focus 
more  on  wind  power  digestion,  while  in  contrast  the  plans 
proposed  by  TRANCOs  (transmission  company)  focus  more  on 
reliability  over  long  time  spans. 

In  order  to  illustrate  the  importance  of  coordinated  transmis¬ 
sion  expansion  along  with  the  increase  of  integrated  wind  power, 
[56]  proposed  a  new  reliability  index  to  reflect  the  additional  LOLP 
caused  by  transmission  congestion.  The  work  demonstrated  pos¬ 
sibilities  of  transmission  overinvestments  when  wind  generation 
is  located  in  an  exporting  area,  and  possibilities  of  under¬ 
investments  as  well  as  significant  increases  in  LOLP  when  wind 
power  is  located  in  an  importing  area. 


3.3.3.  Reliability  centered  maintenance 

The  reliability  centered  maintenance  (RCM)  is  the  third  appli¬ 
cation  of  power  system  reliability  theory.  In  modern  power 
systems,  the  regional  generation  companies  (GENCO),  transmis¬ 
sion  companies  (TRANCO)  are  responsible  to  perform  scheduled 
maintenances  in  order  to  sustain  the  competitive  energy  market. 
These  maintenance  schedules  are  then  reported  to  the  local 
independent  system  operators  (ISO),  who  will  coordinates  the 
different  participators  from  the  view  of  reliability  of  the  whole 
system  [57],  The  power  system  reliability  centered  maintenance 
(PSRCM),  which  aims  at  working  out  maintenance  schedules  that 
can  fulfill  the  maintenance  requests  in  certain  time  windows  while 
reducing  the  loss  of  load  risks  to  minimum  from  the  aspect  of  the 
entire  system,  has  achieved  the  status  of  preferred  maintenance 
practice  among  the  modern  ISOs  [58], 

Many  efforts  have  been  afforded  to  study  the  optimal  wind 
turbine  maintenance  schedules  from  the  view  of  wind  farm 
owners  according  to  the  reliability-centered  idea  [59-62], 


In  contrast,  there  is  very  few  paper  referring  to  PSRCM  from  the 
view  of  grid  owners  or  system  operators.  It  can  be  explained  that 
the  power  loss  due  one  individual  wind  turbine  is  much  too  small 
to  conventional  generators.  Therefore,  it  is  not  necessary  to  take 
them  into  account  by  ISOs  in  the  early  stage  of  wind  development 
nowadays. 

However,  with  the  increase  of  wind  penetration,  we  consider 
that  the  PSRCM  of  wind  farms  shall  not  be  neglected  due  to  two¬ 
fold  reasons:  (i)  large-scale  common-mode  outages  of  wind  farms 
or  wind  cluster  can  possibly  occur  due  to  lacking  of  maintenance 
schedules,  which  lead  to  significant  reduction  on  system  relia¬ 
bility;  (ii)  over  maintenances  will  result  in  decrease  of  economic 
performance  of  both  wind  farms  and  entire  power  systems. 

3.4.  Brief  summary 

This  chapter  reviewed  the  problems  of  power  system  planning 
with  wind  power  integration,  as  well  as  up-to-date  wind  power 
models  and  reliability  algorithms  which  are  capable  of  addressing 
with  power  system  reliability  issues  due  to  wind  power  integration. 

It  is  concluded  that  much  research  effort  has  been  devoted  to 
improve  the  accuracy  and  efficiency  of  power  system  reliability 
assessment.  We  categorize  them  as  listed  in  Table  3.2  in  order  to 
clarify  the  achievements  and  the  applications  of  the  related  research. 

As  can  be  seen  Table  3.2,  most  of  the  newly  developed 
algorithms  have  not  been  put  into  practice  for  system  planning. 
The  fact  indicates  that  scholars  shall  look  for  more  typical  case 
systems  to  test  and  verify  the  effectiveness  of  their  models  and 
algorithms.  Also,  the  reliability  centered  maintenance  with  wind 
power  integration,  which  can  be  essential  for  future  power  system 
with  higher  wind  penetration,  are  obviously  lacking  of  focusing  on 
from  existing  literatures. 

4.  Power  system  operation:  Based  on  reliability  assessment 
with  wind  power  integration 

The  prior  work  in  power  system  operation  practice  is  to 
dispatch  generation  units,  i.e.  to  schedule  the  amounts  of  power 
outputs  and  spinning  reserves  for  all  the  units.  The  operation 


Table  3.2 

Applied  planning-phase  reliability  models  and  algorithms. 


Ref. 

Application 

Planning  phase  wind  power  reliability  models 

Planning  phase  reliability  algorithms 

Multi-state  COPT 

Multi-state  Markov 

ARMA 

Analy  Simulation 

Crude  MCS  PIS  TMCS 

CE-MCS 

CE-TMCS 

[44-46] 

GEP 

V 

V 

[48] 

GEP 

V 

V 

[49] 

GEP 

V 

V 

[50,51] 

GEP 

V 

V 

[52,53] 

GEP 

V 

Not  mentioned 

[28,29] 

GEP 

V 

UGF 

[63,64] 

TEP 

V 

V 

[55] 

TEP 

V 

V 

[HI 

TEP 

V 

V  ° 

[56] 

TEP 

V 

Not  mentioned 

[65] 

TEP 

V 

V 

[14] 

Assessment 

V 

v 

[16,17,21] 

Assessment 

V 

V 

[19] 

Assessment 

V 

UGF 

[66-68] 

Assessment 

V 

V 

[15,22,23,69] 

Assessment 

V 

V 

[31] 

Assessment 

V 

V 

[34] 

Assessment 

Not  mentioned 

o 

[40] 

Assessment 

V 

V 

y/:  Applied;  o;  Recognized  as  capable  to  be  applied. 
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Fig.  4.1.  Gaussian  distribution  model  of  wind  forecasting  errors. 

problem  studied  in  this  section  is  the  coordinated  dispatching  of 
wind  power  and  conventional  power. 

As  discussed  in  Section  2,  deterministic  methods  (e.g.  N-l) 
were  always  been  implemented  in  conventional  power  systems. 
However  these  methods  are  no  longer  capable  of  ensuring  the 
reliabilities  of  operation  plans  when  large  scale  of  wind  power  is 
integrated.  Therefore  applying  reliability  theory  on  estimating 
system  operation  risks  is  becoming  increasingly  important. 

The  reliability  models  of  wind  power  as  well  as  reliability 
assessment  algorithms  in  the  phase  of  operation  are  distinguished 
from  those  of  planning  phase.  This  is  because: 

(1)  In  the  planning  phase,  it  is  impossible  to  forecast  the  fluctua¬ 
tion  of  wind  power  in  advance  of  several  months/years. 
Therefore  wind  power  can  be  only  modeled  as  a  series  of 
expectation  values  predicted  based  on  historical  statistics. 

(2)  In  the  operational  phase,  wind  power  can  be  roughly  fore¬ 
casted  at  several  hours  or  a  day  ahead  of  dispatching.  There¬ 
fore  the  uncertainties  of  wind  power  in  the  operation  phase 
are  forecasting  errors,  which  shall  be  modeled  and  evaluated 
differently  comparing  with  the  methods  of  the  planning  phase. 

(3)  Therefore  since  2003,  various  wind  power  models  and  corre¬ 
sponding  algorithms  have  been  proposed  considering  applica¬ 
tions  for  reliability-centered  system  operations.  Sections 
4.1  and  4.2  present  comprehensive  reviews  to  the  correspond¬ 
ing  models  and  algorithms. 

Therefore  since  2003,  various  wind  power  models  and  corre¬ 
sponding  algorithms  have  been  proposed  considering  applications 
for  system  operations.  Sections  4.1  and  4.2  would  present  detailed 
reviews  to  these  models  and  algorithms. 

Then  in  Section  4.3,  the  applications  of  reliability  theory  in  the 
operation  phase  re  introduced.  A  brief  summary  is  also  presented 
in  Section  4.4  to  show  the  gap  from  theories  (models  and 
algorithms)  to  practices  (applications). 


4.1.  The  reliability  models  of  wind  power  in  the  phase  of  power 
system  operation 

In  the  phase  of  power  system  operation,  the  uncertainties  of 
wind  power  are  unexpected  fluctuations  comparing  with  the 
forecasted  wind  speed  series,  i.e.  forecasting  errors.  In  this  section, 
two  most  recognized  forecasting  error  models  of  wind  power  in 
the  phase  of  operation  are  reviewed. 


Table  4.1 

Proposed  reliability  assessment  algorithms  in  power  system  operational  phase. 


Forecasting  error  models 

Reliability  assessment  algorithms 

Normal  distribution 

Single  stage  analytical  analysis 

Normal  distribution 

Scenario  tree 

Normal  distribution 

Monte  Carlo  simulation 

ARM  A(  1,1) 

Scenario  tree 

4.1.1.  Gaussian  distribution  model  of  wind  power  forecasting  errors 

Wind  power  forecasting  errors  can  be  modeled  in  a  non- 

chronological  manner  by  adopting  Gaussian  distribution,  which 
is  widely  recognized  according  to  a  series  of  publications  [70-73], 
Due  to  the  large  number  as  well  as  the  geographical  dispersion  of 
wind  turbines,  it  is  suitable  to  apply  the  central  limit  theorem  in 
order  to  model  the  forecasting  errors.  Hence  the  forecasted  errors 
of  wind  power  can  be  modeled  by  zero-mean  Gaussian  distribu¬ 
tion  [74],  which  corresponds  to  empirical  motivation  [75].  Notice 
that  the  errors  existed  in  load  forecasting  can  be  modeled  as  zero- 
mean  Gaussian  distribution  as  well.  Then  a  net  error  model  for 
wind-load  forecast  can  be  formed  by  merging  errors  of  wind  and 
load  according  to  following  formulas  [70]: 

FLnett  =  FLt  -  FW[  (4.1) 

Error  nec  ~  N(pnet,  <Jnet),pnet  =  0,  anet  =  (4.2) 

where  FL„et  t  is  the  forecasted  net  load,  which  is  obtained  by 
subtracting  forecasted  value  of  wind  power  FWt  from  forecasted 
value  of  loads  FLt  at  time  t;  pnet  refers  to  the  mean  value  of  the  net 
forecasting  errors  Errornet\  <Jnec,o„  and  <7(  indicate  the  standard 
variation  of  the  errors  of  net  load  Enec,  wind  power  and  electric 
load,  respectively. 

The  model  introduced  above  is  expressed  as  a  continuous 
formula,  which  is  not  convenient  to  be  considered  in  computation 
practice.  Therefore  it  is  more  reasonable  to  consider  an  approx¬ 
imation  whereby  the  continuous  probability  distribution  is  dis¬ 
cretized  through  a  number  of  representative  samples  as  shown  in 
Fig.  4.1. 

The  Gaussian  distribution  model  is  widely  recognized  by 
various  researches.  Most  operational  phase  reliability  assessment 
publications  are  based  on  it.  However  according  to  [76],  forecast¬ 
ing  errors  of  the  present  time  is  dependent  on  those  of  the 
previous  time,  meanwhile  correlations  of  forecasting  errors  also 
exist  among  multiple  wind  farms.  However  the  correlation  fea¬ 
tures  are  not  appropriately  modeled  by  the  Gaussian  distribution 
model,  therefore  as  a  consequence  of  which  the  obtained  relia¬ 
bility  assessment  results  may  be  not  accurate. 

4.1.2.  ARMA(  1,1 )  model  of  wind  speed  forecasting  errors 

In  contrast  to  the  Gaussian  distribution  model,  the  ARMA(1,1) 
model  presents  a  chronological  description  of  wind  power  fore¬ 
casting  errors  [77].  Comparing  with  the  Gaussian  distribution 
model,  the  advantage  of  this  model  is  that  the  chronological  as 
well  as  the  geographical  correlations  of  forecasting  errors  can  be 
easily  modeled. 

The  simplified  mathematical  expression  of  the  ARMA(1,1) 
model  is  expressed  as  Eq.  (4.3)  [77]: 

X(k)=A  x  X(k-1)  +  C  x  Z0(k)+B  x  Z(k-l)  (4.3) 

where  X(k)  and  Z(k)  are  vector  with  forecasting/correlation  noises 
at  hour  k  for  N  regions;  A  and  B  are  diagonal  matrix  representing 
the  ARMA  parameters;  Z0(k)  indicates  the  independent  noises  at 
hour  fc;  and  C  reflects  the  correlation  of  noises  among  regions. 
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From  Eq.  (4.3),  we  can  model  correlations  of  forecasting  errors 
among  multiple  wind  farms  concisely  by  the  matrix  C. 

As  long  as  up-to-date  wind  power  measurement  data  are 
available,  the  ARMA(1,1)  model  can  significantly  improve  the 
quality  of  inner-daily  dispatching  of  power  systems  since  accurate 
forecasting  errors  can  be  computing  by  re-estimating  the  ARMA 
parameters. 

So  far,  the  most-recognized  models  for  wind  power  uncertain¬ 
ties  have  been  reviewed  for  power  system  operations.  The  two 
models  are  so  widely  accepted  that  they  have  been  used  in  most  of 
the  literatures  which  study  reliability-centered  operations  of  wind 
power  systems. 

4.2.  The  algorithms  of  reliability  assessment  in  the  operation  phase 
of  power  systems 

With  wind  power  integrated  in  power  systems,  reliability 
problems  are  caused  by  the  discrepancy  between  the  scheduled 
and  actual  wind  power,  i.e.  as  long  as  downward  wind  power 
fluctuation  exceeds  available  generation,  load  shedding  shall 
occur.  Such  discrepancy  can  be  estimated  according  to  several 
effective  reliability  assessment  algorithms.  The  algorithms  can  be 
generally  categorized  into  two  groups  according  to  corresponding 
forecasting  error  models.  The  model-algorithm  pairs  are  listed  in 
Table  4.1  as  shown  in  the  outline  of  Section  4.2. 

4.2.1.  Algorithms  corresponding  to  normal  distribution  model 

As  we  can  see  in  Table  4.1,  three  algorithms  have  been  devel¬ 
oped  for  the  Gaussian  distribution  model  of  wind  foresting  errors. 
These  three  algorithms  will  be  reviewed  respectively  as  follows. 

4.2.3. 3.  Single  stage  analytical  algorithm.  The  single  stage  analytical 
algorithm  was  proposed  in  Ref.  [73]  in  order  to  quantify  the 
reliability  impacts  caused  by  wind  power  integration  under  the 
operational  phase.  Single  stage  means  that  the  algorithm  aims  at 
evaluating  the  reliability  performance  of  an  operation  schedule  at 
a  specific  time. 

The  main  idea  of  this  algorithm  is  to  determine  system  LOLP 
according  to  the  amount  of  reserve.  By  adopting  the  Gaussian 
distribution  model,  the  probability  of  lacks  in  spinning  reserve  can 
be  easily  calculated.  Two  kinds  of  uncertainties  are  considered  in 
this  algorithms  according  to  [73]: 

(1)  Unexpected  net  load  fluctuation  caused  by  wind  power  and 
load  forecasting  errors. 

(2)  Unexpected  generation  partial  outages  and  fully  outages. 

Then  by  adding  the  loss  of  load  probabilities  caused  by  these 
uncertainties,  the  LOLP  index  of  a  specific  time  in  power  system 
operation  can  be  obtained. 

An  example  is  as  shown  in  Fig.  4.2.  According  to  the  algorithm, 
the  net  forecasting  error  is  modeled  as  Gaussian  distribution. 


Positive  net  forecasting  error  values  indicates  that  net  loads  are 
larger  than  expected  values,  under  which  circumstances  spinning 
reserves  (as  indicated  by  “SR"  in  Fig.  4.2)  are  required  to  compen¬ 
sate  such  discrepancy.  The  amount  of  spinning  reserve  depends  on 
two  factors,  which  are  the  operation  schedules  and  the  unex¬ 
pected  outages  of  conventional  units,  and  can  be  calculated  as 
SR  =  SRSchdU|e  -  Cap0ut.  Then  the  LOLP  can  be  obtained  by  calculat¬ 
ing  the  area  of  net  forecasting  errors  exceeding  the  spinning 
reserve  as  indicated  by  “Loss  of  Load  Probability”  in  Fig.  4.2. 

Since  the  calculated  LOLP  is  a  function  of  the  scheduled  amount 
of  spinning  reserve  R,  then  with  a  given  threshold  of  LOLP,  the 
algorithm  would  determine  the  corresponding  amount  of  spinning 
reserve,  which  is  the  first  step  towards  power  system  dispatching. 

According  to  our  knowledge,  the  single-stage  analytical  algo¬ 
rithm  is  the  initial  practical  algorithm  for  evaluating  power  system 
reliabilities  considering  with  wind  power  integration  in  the 
operation  phase.  The  effectiveness  of  the  algorithm  is  demon¬ 
strated  by  the  study  [72],  which  used  the  algorithm  to  examine 
dispatching  schedules  of  Irish  power  system. 

One  shortcoming  of  this  algorithm  is  that  a  number  of  crucial 
operational  constraints,  e.g.  ramping  constraints,  are  difficult  to  be 
considered.  That  might  result  in  inaccurate  assessment  results  so 
that  an  improved  algorithm,  e.g.  the  scenario  tree  algorithm,  is 
proposed  to  address  this  issue. 

4.2.I.2.  Scenario  tree  algorithm.  The  scenario  tree  algorithm  was 
proposed  in  Ref.  [70],  By  enumerating  chronological  series  of  net 
load  forecasting  errors,  the  algorithm  takes  the  influence  of 
sequential  fluctuation  of  wind  power  into  consideration  so  that 
more  accurate  reliability  evaluation  results  can  be  obtained. 

The  scenario  tree  algorithm  assumes  that  the  net  demand 
forecasting  errors  can  be  represented  by  a  finite  number  of  values, 
e.g.  the  discretized  Gaussian  distribution  model.  Then  the  opera¬ 
tion  plans  can  be  made  through  examining  a  finite  number  of  net 
demand  forecasting  error  trajectories,  i.e.  scenarios.  Each  scenario 
is  made  up  of  sequences  of  nodes  j  e  {1,2,  ...J)  representing  one  of 
the  possible  discrete  realizations  of  the  net  load  error.  For  the  fcth 
scenario,  it  contains  the  sequence  of  nodes  of  Sj<  =  O'kiJja,— Jw), 
where  the  studied  time  interval  is  [1,T],  The  collection  of  such 
scenarios  is  defined  as  the  scenario  tree. 

Fig.  4.3  presents  an  example  of  scenario  tree,  in  which  the  net 
load  forecasting  error  is  discretized  into  three  levels  indicated  by 
“Low”,  “As  predicted”  and  “High”,  and  the  studied  time  interval  is 


Fig.  4.2.  Calculation  of  LOLP  with  Gaussian  distribution  model. 


Fig.  4.3.  An  example  of  forecasting  error  scenario  tree  (ST). 
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[1,3]-  Taking  the  seventh  scenario  as  an  example,  the  sequence  of 
this  scenario  S7  =  (j71  ,j72 ,j73}  =  (As  predicted  Low,  High)  means 
that  the  actual  wind  power  values  are  approximately  treated  as 
the  equaling  to,  lower  or  higher  than  the  forecasted  values  at 
T=  1,2,3,  respectively. 

According  to  the  statistical  studies  in  [78],  the  authors  of  the 
algorithm  considered  that  large  wind  power  fluctuation  was  not 
rarely  happening.  Therefore,  the  forecasting  errors  shall  be  limited 
within  a  small  neighborhood  of  the  forecasted  value.  That  is,  inter¬ 
branch  transitions,  which  are  shown  as  the  dashed  arrows  in 
Fig.  4.3,  shall  not  exist  in  the  scenario  tree  in  order  to  reduce 
calculation  burden.  Finally  the  operation  plans  can  be  made  by 
enumerating  all  the  scenarios. 

Notice  that  the  ST  method  is  still  an  enumeration-based 
method.  Therefore  the  main  drawback  of  the  algorithm  is  the 
computation  overhead  caused  by  scenario  enumerations.  The 
number  of  scenarios  grows  exponentially  along  with  the  number 
of  stages  resulting  in  quite  heavy  computation  overheads. 

4.2.L3.  Monte  Carlo  simulation.  In  order  to  reduce  the  calculation 
burden  of  scenario  tree  algorithm,  the  Monte  Carlo  simulation 
algorithm  was  proposed  in  Ref.  [71].  The  Monte  Carlo  algorithm 
generates  net  forecasting  errors  according  to  a  Gaussian  cumulative 
probability  distribution  function,  which  can  be  written  as  Eq.  (4.4)  [71]: 

£t  =  V2aneterf-\2zt-l)  (4.4) 

where  et  is  the  net  demand  forecasting  error  at  time  t;  zt  is  a  random 
number  uniformly  distributed  over  the  interval  [0,1];  and  er/_1 
indicates  the  inverse  error  function.  The  generated  forecasting  error 
series,  which  are  determined  by  a  series  of  random  series  zt,  can  be 
used  to  examine  the  reliability  of  daily  operation  schedules. 

As  similar  as  the  crude  MCS  algorithm  introduced  in  Section  3, 
the  MCS  algorithm  is  capable  of  improving  the  efficiency  of 
reliability  assessments  via  iteratively  generated  series  of  forecast¬ 
ing  errors.  In  [80],  the  authors  applied  the  algorithm  on  determin¬ 
ing  the  spinning  reserve  adequacy  of  the  Portuguese  power 
system,  which  partially  demonstrates  that  the  effectiveness  of  this 
algorithm. 


The  shortcoming  of  the  method  is  as  similar  as  discussed  in 
Section  3.  That  is,  the  Monte  Carlo  simulation  algorithm  also 
encounters  the  similar  efficiency  problem  of  high-reliability  sys¬ 
tems:  very  high  computation  efforts  are  used  for  evaluating  non¬ 
failure  system  states  and  the  algorithm  takes  very  long  time  to 
satisfy  converging  criteria. 

The  three  algorithms  reviewed  above  can  be  used  along  with 
the  Gaussian  distribution  model.  The  algorithms  corresponding  to 
the  ARMA(1,1)  are  introduced  in  Section  4.2.2. 


4.2.2.  Algorithms  corresponding  to  ARMA  model:  Scenario  tree 

As  discussed  in  Section  4.1,  the  ARMA(1,1)  model  is  able  to 
presenting  a  more  accurate  description  of  wind  power  forecasting 
error  comparing  the  Gaussian  distribution  model  by  considering 
geographical  and  chronological  dependency  of  the  errors.  Various 
works  have  been  devoted  to  develop  reliability  assessment  algo¬ 
rithms  corresponding  to  the  ARMA(1,1)  model. 

The  most-recognized  algorithm  based  on  the  ARMA  model  is 
the  Scenario  Tree  (ARMA-ST)  algorithm,  which  was  introduced  in 
[81].  By  adopting  the  wind  power  forecasting  error  model  of 
ARMA(1,1),  ARMA-ST  algorithm  is  expected  to  obtain  more  accu¬ 
rate  reliability  assessment  results  comparing  with  the  previous 
scenario  tree  algorithm  corresponding  to  the  Gaussian  distribution 
model. 

The  scenarios  of  ARMA-ST  are  generated  through  a  different 
method,  which  is  based  on  the  probabilities  of  series  and  the 
Euclidean  distances  between  each  other.  An  example  given  in  [82] 
is  shown  in  Fig.  4.4  in  order  to  illustrate  the  procedure  of  this 
method.  The  following  steps  represent  how  10  original  scenarios 
can  be  used  to  build  up  an  8-scenario  tree  of  three-stage. 

(1 )  Generate  a  large  number  of  original  series  based  on  the  ARMA 
(1,1)  model.  In  Fig.  4.4, 10  scenarios  are  generated  as  shown  in 
the  figure  titled  with  “Step  1”. 

(2)  In  order  to  reduce  the  redundant  10  scenarios  to  2T  scenarios, 
where  T  indicates  the  state  number,  two  original  series  shall  be 
removed.  As  can  be  observed  in  step  (1),  the  original  series 
of  S3  and  S4  are  relatively  closed  to  S9.  Then  S3  and  S4  are 


Step  1  :  Generate  Original  Scenarios 
Next:  Remove  redundant  scenarios 


Step  2  :  S3  and  S4  removed 
Next:  Merge  similar  scenarios 


Step  3:  S2  and  S9  merged.  Next:  Repeat  Step  3  Finish:  Binary  Scenario  Tree 


Fig.  4.4.  An  example  of  establishing  a  binary  scenario  tree  with  ARMA(l.l)  model. 


932 


J.  Lin  et  al.  /  Renewable  and  Sustainable  Energy  Reviews  31  (2014)  921  -934 


removed  since  their  probabilities  are  less  than  the  probability 
of  S9,  as  shown  in  the  figure  titled  with  “Step  2”. 

(3)  Now  the  remaining  8  series  shall  be  merged  into  a  three-stage 
manner.  It  can  be  observed  that  in  the  second  figure  S2  and  S9 
are  close  to  each  other.  Therefore,  as  shown  in  the  third  figure, 
part  of  S2  is  merged  into  S9  if  the  probability  of  S2  is  smaller. 

(4)  By  repeating  the  step  (3),  the  three-stage  8-scenario  tree  can 
be  obtained.  Notice  that  the  distance  from  S2  and  S6  is  large 
which  indicates  the  two  series  shall  not  be  merged.  That  is 
because  since  the  other  scenarios,  i.e.  S7  and  S8,  SI  and  S5, 
S2  and  S9,  have  already  been  merged  together,  and  S2  and  S6  are 
the  only  two  left  for  merging.  Finally  without  any  other  option, 
the  binary  tree  is  established  by  merging  S2  and  S6  together. 

In  addition  to  the  advantages  of  the  ARMA(1,1)  forecasting 
error  model,  the  ARMA-ST  algorithm  is  with  two  advantages.  By 
procedure  (1),  information  about  forecasting  errors  is  generated 
according  to  original  measurement  series;  and  by  (2),  redundant 
information  is  reduced  so  that  the  algorithm  can  be  computed 
efficiently.  Eventually  the  most  representative  information  are 
selected  in  the  2T  scenarios,  the  number  of  which  is  significant 
reduced  comparing  with  that  of  the  STT  algorithm  based  on 
Gaussian  distribution  model. 

With  the  ARMA-ST  tool,  the  idea  of  Rolling  Planning  was 
proposed  in  [83],  suggesting  system  operators  to  re-schedule  the 
dispatching  plans  every  3  h  or  so.  Since  the  ARMA(1,1)  model  gives 
better  estimation  of  the  forecasting  errors  while  new  data  is 
available,  the  scenario  tree  can  be  re-generated  and  the  operation 
plans  can  be  corrected  accordingly  in  time. 

In  [84],  a  simplified  ARMA  scenario  tree  algorithm  was  pro¬ 
posed  aiming  at  reducing  the  number  of  scenarios,  which  is 
realized  by  limiting  the  number  of  nodes  allowed  to  grow 
separated  branches.  As  a  result,  the  number  of  scenarios  is  reduced 
to  hundreds  rather  than  millions. 

4.3.  The  applications  of  reliability  in  the  operation  phase  of  power 
systems 

With  considering  of  wind  power  integration,  the  operational- 
phase  problems  discussed  in  this  paper  involve  unit  commitment, 
economic  dispatch  problems,  which  are  investigated  from  different 
aspects  as  listed  in  Table  4.2. 

The  reliability  performances  of  UC  and  ED  schedules  are 
challenged  by  uncertainties  of  wind  power,  and  so  far  the  only 
practical  way  to  compensate  unexpected  wind  power  fluctuation 
is  to  use  the  spinning  reserve  provided  by  conventional  units. 
That  is,  the  reliability  performances  of  UC  and  ED  schedules 
are  dependent  on  very  similar  crucial  issue,  i.e.  the  amount  of 
spinning  reserve. 

The  amounts  of  spinning  reserve  can  be  decided  through 
deterministic  criteria,  such  as  a  certain  percent  of  the  hourly-load, 
or  capacity  of  the  largest  online  unit  (N-1  criteria).  Even  a  set  of 
deterministic  criteria  have  been  comprehensively  formulated,  they 
may  still  result  in  inconsistent  decisions  and  variable  operating 
risks,  especially  when  variable  wind  power  is  integrated.  Under 
such  circumstances,  the  concept  of  power  system  reliability,  which 
is  originally  designed  for  long  term  applications,  can  be  smoothly 


applied  on  UC  and  dispatching  problems  with  variable  wind 
power  integration. 

The  amount  of  spinning  reserve  is  usually  determined  through 
a  two-step  sequence. 

(i)  The  amount  of  SR  is  roughly  determined  at  a  day  ahead  of 
market  clearing  by  studying  UC  problems  with  estimated 
forecasting  errors. 

(ii)  The  amount  of  SR  is  determined  again  at  few  hours  ahead  of 
market  clearing  by  studying  ED  problems  with  updated  fore¬ 
casting  errors. 

In  our  opinion,  all  the  algorithms  reviewed  in  Section  4.2  can 
successfully  estimate  a  suitable  amount  of  spinning  reserve  at 
unit  commitment  stages.  However  at  stages  of  daily  re-dispatch, 
refined  wind  power  measurements  would  suggest  major  re¬ 
estimations  of  wind  power  forecasting  errors  are  necessary,  thus 
the  ARMA(1,1)  model  along  with  the  ARMA  Scenario  Tree  algo¬ 
rithm  and  the  concept  of  rolling-planning  seems  to  be  a  more 
comprehensive  choice. 


4.4.  Brief  summary 

Reliability  has  become  an  essential  consideration  and  con¬ 
straint  for  system  secure  operations  with  wind  power  integration. 
Wind  power  forecasting  error  models  and  corresponding  relia¬ 
bility  assessment  algorithms  are  reviewed  in  this  section.  The 
applications  of  the  reviewed  models  and  algorithms  are  listed  in 
Table  4.3. 


5.  Conclusion 

In  this  paper,  we  reviewed  the  problems  of  reliability-based 
power  system  planning  and  operation  with  wind  power.  It  can  be 
demonstrated  that  reliability  theory  is  becoming  increasingly 
important  after  wind  power  introduces  great  uncertainties  in  the 
planning  and  operation  stages  of  power  systems.  This  paper 
reviews  various  reliability  models  of  wind  power  as  well  as 
reliability  assessment  algorithms,  and  some  interesting  phenom¬ 
enon  can  be  observed. 

Regarding  planning  phase  reliability  assessment,  three  relia¬ 
bility  models  of  wind  power  are  reviewed  in  this  paper,  i.e.  the 
Multi-state  COPT,  the  Multi-State  Markov  and  the  ARMA  model, 
and  the  Multi-state  COPT  model  is  the  most  popular  one  in 
applications,  despite  its  low  accuracy  on  modeling  the  time/ 
geographical  correlations  of  wind  speed  profiles.  This  phenomena 
is  worthy  of  paying  attention  to  since  the  correlation  effects,  wake 
effects  and  so  on  would  have  significant  impacts  on  reliability 
assessment  results.  Many  advanced  reliability  assessment  algo¬ 
rithms  such  as  intelligent-search  and  cross-entropy  based  algo¬ 
rithms  have  been  proposed  in  recent  years.  However  they  have  not 
been  implemented  in  applications  yet.  The  fact  indicates  that 
scholars  shall  look  for  more  typical  case  systems  to  test  and  verify 
the  effectiveness  of  their  algorithms.  Generation/transmission 
expansion  problems  with  wind  energy  have  been  studied  in 


Table  4.2 

Applications  of  power  system  reliability  theory  in  wind  power  operations. 


Problems  Definitions  Time  scale 


Unit  commitment  (UC)  Scheduling  the  switching  of  generators  at  a  day  ahead  of  actual  generation  Inter-day 

Economic  dispatch  (ED)  (Also:  daily  Determining  the  most  economic  output  combination  of  generators  with  given  generator  statuses  and  Inter-hours 

re-dispatch)  amount  of  electric  loads 
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Table  4.3 

Applied  operational-phase  reliability  models  and  algorithms. 


Ref. 

Uncertainty  models 

Reliability  assessment  algorithms 

Normal  distribution 

ARM  A(  1,1) 

Analytical 

SIT 

MCS 

[72,73] 

V 

V 

[70,79] 

V 

V 

[71,85] 

[81,83,84] 

[86,87]:  Models  without  considering  any  forecasting  errors 

V 

V 

V 

V 

various  literatures.  However  the  topic  of  reliability-centered- 
maintenance  with  wind  power  integration  is  only  studied  at  the 
scale  of  a  single  wind  turbine  generator,  and  we  consider  it  is  also 
important  to  investigate  the  problem  from  the  aspect  of  power 
system. 

Regarding  operation  phase  reliability  assessment,  reliability 
consideration  has  become  an  increasingly  important  issue  in 
operational  decision  makings  such  as  unit  commitment  or  eco¬ 
nomic  dispatch  problems  with  wind  energy.  We  would  like  to 
emphasize  the  point  again  that  the  uncertainties  in  the  phases  of 
planning  and  operation  are  obviously  distinguished  and  shall  be 
considered  with  different  models  and  algorithms. 


Acknowledgement 

This  work  was  supported  by  National  High-Technology  Res¬ 
earch  and  Development  Program  (“863"  Program)  of  China 
(SS2012AA050218)  and  by  the  Chinese  National  Natural  Funds 
(51207077,  51177078,  51261130472). 


References 


[1  ]  Global  wind  report  annual  market  update;  2012.  Global  Wind  Energy  Council. 
Available  <http://www.gwec.net/wp-content/uploads/2012/06/Annual_repor 
t_2012_LowRes.pdf). 

[2]  Billinton  R.  Power  system  reliability  evaluation.  CRC  Press;  1970. 

[3]  Wen  J,  Zheng  Y,  Donghan  F.  A  review  on  reliability  assessment  for  wind  power. 
Renewable  Sustainable  Energy  Rev  2009;13(9):2485-94. 

[4]  Borges  CLT.  An  overview  of  reliability  models  and  methods  for  distribution 
systems  with  renewable  energy  distributed  generation.  Renewable  Sustain¬ 
able  Energy  Rev  2012;16(6):4008-15. 

[5]  Shan  G,  Ningyu  Z.  A  review  of  different  methodologies  for  solving  the  problem 
of  wind  power's  fluctuation:  sustainable  power  generation  and  supply.  In: 
SUPERGEN  ’09.  International  conference  on  sustainable  power  generation  and 
supply;  2009. 

[6]  Mabel  MC,  Raj  RE,  Fernandez  E.  Analysis  on  reliability  aspects  of  wind  power. 
Renewable  Sustainable  Energy  Rev  2011;15(2):1210-6. 

[7]  Wei  J,  Guo  Y,  Gu  S.  Economic  assessment  of  large  grid-connected  wind  farms 
avoided  cost  method.  Tsinghua  Sci  Technol  1999;4(l):1341-4. 

[8]  Large  scale  integration  of  wind  energy  in  the  European  power  supply:  analysis 
issues  and  recommendations.  The  European  wind  energy  association;  2005. 
Available  (http://www.ewea.org/). 

[9]  He  YX,  Xia  T,  Liu  ZY,  et  al.  Evaluation  of  the  capability  of  accepting  large-scale 
wind  power  in  China.  Renewable  Sustainable  Energy  Rev  2013;19:509-16. 

[10]  MacCormack  JR.  Prices,  reliability  of  supply  and  large  scale  wind  generation  in 
electricity  markets;  2012. 

[11]  Lingfeng  W,  Singh  C.  A  conceptual  study  on  reliability  constrained  transmis¬ 
sion  system  planning  including  wind  power:  In:  Power  and  energy  society 
general  meeting.  PES  ’09.  IEEE;  2009. 

[12]  Billinton  R,  Allan  RN.  Reliability  evaluation  of  power  systems.  Springer;  1996. 

[13]  Li  Wenyuan.  Risk  assessment  of  power  systems:  models,  methods,  and 
applications.  John  Wiley  &  Sons;  2005. 

[14]  Giorsetto  P,  Utsurogi  KF.  Development  of  a  new  procedure  for  reliability 
modeling  of  wind  turbine  generators.  IEEE  Trans  Power  Appar  Syst  1983;PAS- 
102(1):  134-43. 

[15]  Billinton  R,  Yi  G.  Multistate  wind  energy  conversion  system  models  for 
adequacy  assessment  of  generating  systems  incorporating  wind  energy.  IEEE 
Trans  Energy  Convers  2008;23(l):163-70. 

[16]  Castro  Sayas  F,  Allan  RN.  Generation  availability  assessment  of  wind  farms.  IEE 
Proc  Gener  Transm  Distrib  1996;143(5):507-18. 


[17]  Leite  AP,  Borges  CLT,  Falcao  DM.  Probabilistic  wind  farms  generation  model  for 
reliability  studies  applied  to  Brazilian  sites.  IEEE  Trans  Power  Syst  2006; 21 
(4):1493-501. 

[18]  Hagkwen  I<,  Singh  C,  Sprintson  A.  Simulation  and  estimation  of  reliability  in  a 
wind  farm  considering  the  wake  effect.  IEEE  Trans  Sustainable  Energy  2012;3 

(2) :274-82. 

[19]  Di  Fazio  AR,  Russo  M.  Wind  farm  modelling  for  reliability  assessment.  IET 
Renew  Power  Gener  2008;2(4):239-48. 

[20]  Negra  NB,  Holmstrom  O,  Bak-Jensen  B,  et  al.  Aspects  of  relevance  in  offshore 
wind  farm  reliability  assessment.  IEEE  Trans  Energy  Convers  2007;22 
(l):159-66. 

[21]  Dobakhshari  AS,  Fotuhi-Firuzabad  MA.  Reliability  model  of  large  wind  farms 
for  power  system  adequacy  studies.  IEEE  Trans  Energy  Convers  2009;24 

(3) :792-801. 

[22]  Billinton  R,  Hua  C,  Ghajar  R.  A  sequential  simulation  technique  for  adequacy 
evaluation  of  generating  systems  including  wind  energy.  IEEE  Trans  Energy 
Convers  1996;ll(4):728-34. 

[23]  Karki  R,  Po  H,  Billinton  R.  A  simplified  wind  power  generation  model  for 
reliability  evaluation.  IEEE  Trans  Energy  Convers  2006;21(2):533-40. 

[24]  Endrenyi  J.  Reliability  modeling  in  electric  power  systems.  Wiley;  1979. 

[25]  Anders  GJ.  Probability  concepts  in  electric  power  systems.  Chichester,  Toronto: 
Wiley;  1990. 

[26]  Singh  C,  Billinton  R.  System  reliability  modelling  and  evaluation.  London: 
Hutchinson;  1977. 

[27]  Allan  RN,  Billinton  R,  Salvaderi  L.  Applied  reliability  assessment  in  electric 
power  systems.  IEEE  Press;  1991. 

[28]  Yi  D,  Peng  W,  Goel  L,  et  al.  Long-term  reserve  expansion  of  power  systems 
with  high  wind  power  penetration  using  universal  generating  function 
methods.  IEEE  Trans  Power  Syst  2011;26(2):766-74. 

[29]  Peng  W,  Goel  L,  Yi  D,  et  al.  Reliability-based  long  term  hydro/thermal  reserve 
allocation  of  power  systems  with  high  wind  power  penetration.  Power  and 
energy  society  general  meeting,  IEEE;  26-30  July  2009. 

[30]  Levitin  G.  The  universal  generating  function  in  reliability  analysis  and 
optimization.  Springer;  2005. 

[31]  Samaan  N,  Singh  C.  Adequacy  assessment  of  power  system  generation  using  a 
modified  simple  genetic  algorithm.  IEEE  Trans  Power  Syst  2002;  17(4): 974-81. 

[32]  Wang  L,  Singh  C.  Population-based  intelligent  search  in  reliability  evaluation 
of  generation  systems  with  wind  power  penetration.  IEEE  Trans  Power  Syst 
2008;23(3):  1336-45. 

[33]  Miranda  V,  de  Magalhaes  Carvalho  L,  Da  Rosa  MA,  et  al.  Improving  power 
system  reliability  calculation  efficiency  with  EPSO  variants.  IEEE  Trans  Power 
Syst  2009;24(4):  1772-9. 

[34]  Da  Silva  AML,  Fernandez  RAG,  Singh  C.  Generating  capacity  reliability  evalua¬ 
tion  based  on  Monte  Carlo  simulation  and  cross-entropy  methods.  IEEE  Trans 
Power  Syst  2010;25(l):129-37. 

[35]  Rubinstein  RY,  Kroese  DP.  The  cross-entropy  method:  a  unified  approach  to 
combinatorial  optimization,  Monte-Carlo  simulation  and  machine  learning. 
Springer;  2004. 

[36]  Sankarakrishnan  A,  Billinton  R.  Sequential  Monte  Carlo  simulation  for  com¬ 
posite  power  system  reliability  analysis  with  time  varying  loads.  IEEE  Trans 
Power  Syst  1995;103:1540-5. 

[37]  Leite  Da  Silva  AM,  Da  Fonseca  Manso  LA,  De  Oliveira  Mello  JC,  et  al.  Pseudo- 
chronological  simulation  for  composite  reliability  analysis  with  time  varying 
loads.  IEEE  Trans  Power  Syst  2000;15(l):73-80. 

[38]  Da  Silva  AML,  Gonza  X,  Lez-Ferna  X,  et  al.  Reliability  assessment  of  time- 
dependent  systems  via  quasi-sequential  Monte  Carlo  simulation:  probabilistic 
methods  applied  to  power  systems  (PMAPS).  In:  IEEE  11th  international 
conference  on;  2010. 

[39]  Mello  J,  Leite  Da  Silva  AM,  Pereira  MVF.  Efficient  loss-of-load  cost  evaluation 
by  combined  pseudo-sequential  and  state  transition  simulation.  IEE  Proc 
Gener  Transm  Distrib  1997;  144(2):  147-54. 

[40]  Gonzalez-Fernandez  RA,  Leite  Da  Silva  AM.  Reliability  assessment  of  time- 
dependent  systems  via  sequential  cross-entropy  Monte  Carlo  simulation.  IEEE 
Trans  Power  Syst  2011;26(4):2381-9. 

[41]  Zhen  S,  Jirutitijaroen  P.  Latin  hypercube  sampling  techniques  for  power 
systems  reliability  analysis  with  renewable  energy  sources.  IEEE  Trans  Power 
Syst  2011  ;26(4):2066-73. 

[42]  Green  RC,  Lingfeng  W,  Zhu  W,  et  al.  Power  system  reliability  assessment  using 
intelligent  state  space  pruning  techniques.  In:  A  comparative  study:  power 
system  technology  (POWERCON);  2010  international  conference  on,  2010. 


934 


J.  Lin  et  al.  /  Renewable  and  Sustainable  Energy  Reviews  31  (2014)  921-934 


[43]  Seifi  H,  Sepasian  MS.  Electric  power  system  planning:  issues,  algorithms  and 
solutions.  Springer  Verlag;  2011. 

[44]  Lingfeng  W,  Singh  C.  Multicriteria  design  of  hybrid  power  generation  systems 
based  on  a  modified  particle  swarm  optimization  algorithm.  IEEE  Trans 
Energy  Convers  2009;24(1):  163-72. 

[45]  Kai  Z,  Agalgaonkar  AP,  Muttaqi  KM,  et  al.  Multi-objective  optimisation  for 
distribution  system  planning  with  renewable  energy  resources:  energy  con¬ 
ference  and  exhibition  (EnergyCon).  In:  IEEE  International;  2010. 

[46]  Kashefi  Kaviani  A,  Riahy  GH,  Kouhsari  SH.  Optimal  design  of  a  reliable 
hydrogen-based  stand-alone  wind/PV  generating  system,  considering  compo¬ 
nent  outages.  Renewable  Energy  2009;34(ll):2380-90. 

[47]  Ding  M,  Wu  Y.  Optimal  expansion  planning  of  wind-diesel  energy  system: 
power  system  technology,  2006.  In:  PowerCon  2006.  International  conference 
on;  2006. 

[48]  Ding,  M,  Wu  Y.  Expansion  planning  of  wind-diesel  energy  system  based  on 
genetic  algorithm.  In:  Proceedings  of  CSEE;  2006.  (8):  p.  23-27. 

[49]  Kaigui  X,  Billinton  R.  Determination  of  the  optimum  capacity  and  type  of  wind 
turbine  generators  in  a  power  system  considering  reliability  and  cost.  IEEE 
Trans  Energy  Convers  2011;26(l):227-34. 

[50]  Karki  R,  Billinton  R.  Cost-effective  wind  energy  utilization  for  reliable  power 
supply.  IEEE  Trans  Energy  Convers  2004;19(2):435-40. 

[51]  Billinton  R,  Chen  H.  Determination  of  the  optimum  site-matching  wind 
turbine  using  risk-based  capacity  benefit  factors.  IEE  Proc  Gener  Transm 
Distrib  1999;146(1):96-100. 

[52]  Milligan  MR,  Artig  R.  Optimal  site  selection  and  sizing  of  distributed  utility- 
scale  wind  power  plants[R].  Golden,  CO  (United  States):  National  Renewable 
Energy  Lab.;  1998. 

[53]  Milligan  MR,  Factor  T.  Optimizing  the  geographic  distribution  of  wind  plants 
in  Iowa  for  maximum  economic  benefit  and  reliability.  Wind  Eng  2000;24 
(4):271-90. 

[54]  Jaeseok  C,  et  al.  A  method  for  transmission  system  expansion  planning 
considering  probabilistic  reliability  criteria.  IEEE  Trans  Power  Syst  2005 ;20 
(3):1606-15. 

[55]  Billinton  R,  Wangdee  W.  Reliability-based  transmission  reinforcement  plan¬ 
ning  associated  with  large-scale  wind  farms.  IEEE  Trans  Power  Syst  2007;22 

(1) :34-41. 

[56]  Castro  M,  Pudjianto  D,  Djapic  P,  et  al.  Reliability-driven  transmission 
investment  in  systems  with  wind  generation.  IET  Gener  Transm  Distrib 
2011;5(8):850-9. 

[57]  Billinton  R,  Abdulwhab  A.  Short-term  generating  unit  maintenance  scheduling 
in  a  deregulated  power  system  using  a  probabilistic  approach.  IEE  Proc  Gener 
Transm  Distrib  2003;150(4):463-8. 

[58]  Siqueira,  IP.  Optimum  reliability-centered  maintenance  task  frequencies  for 
power  system  equipments.  In:  Probabilistic  methods  applied  to  power 
systems,  international  conference  on;  2004. 

[59]  Eunshin  B,  Yu  D.  Season-dependent  condition-based  maintenance  for  a  wind 
turbine  using  a  partially  observed  Markov  decision  process.  IEEE  Trans  Power 
Syst  2010;25(4):  1823-34. 

[60]  Wenyuan  L,  Korczynski  J.  A  reliability-based  approach  to  transmission  main¬ 
tenance  planning  and  its  application  in  BC  hydro  system.  IEEE  Trans  Power 
Delivery  2004;19(l):303-8. 

[61  ]  Eunshin  B,  Ntaimo  L,  Yu  D.  Optimal  maintenance  strategies  for  wind  turbine 
systems  under  stochastic  weather  conditions.  IEEE  Trans  Reliab  2010;59 

(2) :393-404. 

[62]  Fischer  K,  Besnard  F,  Bertling  L.  Reliability-centered  maintenance  for  wind 
turbines  based  on  statistical  analysis  and  practical  experience.  IEEE  Trans 
Energy  Convers  2012;27(1):  184-95. 

[63]  Hui  R,  Yuan  C,  Weijun  T,  et  al.  Reliability  enhancement  of  the  system  with 
large  amount  of  wind  power  integration.  In:  Power  and  energy  society  general 
meeting;  2011. 

[64]  Zhao  J,  Foster  J.  Investigating  the  impacts  of  distributed  generation  on 
transmission  expansion  cost.  In:  An  Australian  case  study.  Energy  economics 
and  management  group  working  papers;  2010. 


[65]  Kai  Z,  Agalgaonkar  AP,  Muttaqi  KM,  et  al.  Distribution  system  planning  with 
incorporating  DG  reactive  capability  and  system  uncertainties.  IEEE  Trans 
Sustainable  Energy  2012;3(1):  112-23. 

[66]  Mehrtash  A,  Peng  W,  Goel  L.  Reliability  evaluation  of  restructured  power 
systems  with  wind  farms  using  Equivalent  Multi-State  models:  probabilistic 
methods  applied  to  power  systems  (PMAPS).  In:  IEEE  11th  international 
conference  on;  14-17  June  2010. 

[67]  Karki  R,  Po  H.  Wind  power  simulation  model  for  reliability  evaluation: 
electrical  and  computer  engineering,  2005.  In:  Canadian  conference  on;  1-4 
May  2005. 

[68]  Mehrtash  A,  Peng  W,  Goel  L.  Reliability  evaluation  of  power  systems 
considering  restructuring  and  renewable  generators.  IEEE  Trans  Power  Syst 
2012;27(l):243-50. 

[69]  Billinton  R,  Guang  B.  Generating  capacity  adequacy  associated  with  wind 
energy.  IEEE  Trans  Energy  Convers  2004;19(3):641-6. 

[70]  Bouffard  F,  Galiana  FD.  Stochastic  security  for  operations  planning  with 
significant  wind  power  generation.  IEEE  Trans  Power  Syst  2008;23(2):306-16. 

[71]  Ortega-Vazquez  MA,  Kirschen  DS.  Estimating  the  spinning  reserve  require¬ 
ments  in  systems  with  significant  wind  power  generation  penetration.  IEEE 
Trans  Power  Syst  2009;24(1):  114-24. 

[72]  Doherty  R,  O’Malley  M.  A  new  approach  to  quantify  reserve  demand  in 
systems  with  significant  installed  wind  capacity.  IEEE  Trans  Power  Syst 
2005;20(2):587-95. 

[73]  Doherty,  R,  0“Malley  M.  Quantifying  reserve  demands  due  to  increasing  wind 
power  penetration.  In:  Power  tech  conference  proceedings,  IEEE  Bologna; 
2003. 

[74]  Lange  M.  On  the  uncertainty  of  wind  power  predictions-Analysis  of  the 
forecast  accuracy  and  statistical  distribution  of  errors.  Trans  ASME-N-  J  Sol 
Energy  Eng  2005;  127(2):  177-84. 

[75]  Focken  U,  et  al.  Short-term  prediction  of  the  aggregated  power  output  of 
wind  farms— a  statistical  analysis  of  the  reduction  of  the  prediction  error  by 
spatial  smoothing  effects.  J  Wind  Eng  Ind  Aerodyn  2002;90(3):231-46. 

[76]  Bludszuweit  H,  Dominguez-Navarro  JA,  Llombart  A.  Statistical  analysis  of  wind 
power  forecasting  error.  IEEE  Trans  Power  Syst  2008;23(3):983-91. 

[77]  Soder,  L.  Simulation  of  wind  speed  forecasting  errors  for  operation  planning  of 
multi-area  power  systems.  In:  PMAPS,  international  conference  on;  2004. 

[78]  Holttinen  H.  Impact  of  hourly  wind  power  variations  on  the  system  operation 
in  the  Nordic  countries.  Wind  Energy  2005;8(2):197-218. 

[79]  Liu  G,  Tomsovic  K.  Quantifying  spinning  reserve  in  systems  with  significant 
wind  power  penetration.  IEEE  Trans  Power  Syst  2012(PP(99)):1. 

[80]  Matos  MA,  Bessa  RJ.  Setting  the  operating  reserve  using  probabilistic  wind 
power  forecasts.  IEEE  Trans  Power  Syst  2011;26(2):594-603. 

[81]  Tuohy  A,  Meibom  P,  Denny  E,  et  al.  Unit  commitment  for  systems  with 
significant  wind  penetration.  IEEE  Trans  Power  Syst  2009;24(2):592-601. 

[82]  Wilmar  deliverable  documentation  methodology  of  scenario  tree  tool,  avail¬ 
able  <http://www.wilmar.risoe.dk/Deliverables/Wilmar%20d6_2_d_Scenario 
Tree_doc.pdf). 

[83]  Meibom  P,  Barth  R,  Hasche  B,  et  al.  Stochastic  optimization  model  to  study 
the  operational  impacts  of  high  wind  penetrations  in  Ireland.  IEEE  Trans 
Power  Syst  2011;26(3):1367-79. 

[84]  Sturt  A,  Strbac  G.  Efficient  stochastic  scheduling  for  simulation  of  wind- 
integrated  power  systems.  IEEE  Trans  Power  Syst  2012;27(l):323-34. 

[85]  Ortega-Vazquez  MA,  Kirschen  DS.  Should  the  spinning  reserve  procurement  in 
systems  with  wind  power  generation  be  deterministic  or  probabilistic? 
Sustainable  Power  Generation  and  Supply.  In:  SUPERGEN  ’09.  International 
conference  on;  6-7  April  2009. 

[86]  Tsung-Ying  L.  Optimal  spinning  reserve  for  a  wind-thermal  power  system 
using  EIPSO.  IEEE  Trans  Power  Syst  2007;22(4):  1612-21. 

[87]  Morales  JM,  Conejo  AJ,  Perez-Ruiz  J.  Economic  valuation  of  reserves  in  power 
systems  with  high  penetration  of  wind  power.  IEEE  Trans  Power  Syst  2009;24 
(2):900-10. 


